Abstract
Introduction

21
There has long been interest in better understanding consumers' food choices, with a focus on 22 people's motivations, preferences and habits. Recently, particular emphasis has been put on eating 23 habits within an obesity risk context.
24
Food choices are complex as well as frequent. In a recent study, Wansink and Sobal (2007) Data were collected as part of a wider study to elicit intra-household trade-offs between home-84 cooked meal options. The respondents used for the survey formed a random sample of Northern
85
Ireland households, and face-to-face interviews were used for preference elicitation.
86 Table 1 shows the socio-demographic characteristics of the respondents. Just over a third of the 87 respondents were aged between 35 and 50, with the rest split evenly above and below these ages.
88
The average income per week was £211, with 48% of the respondents in full-time employment.
89
10% had at least a degree level education. terviews with respondents, we conducted a pilot study. Following this, we were able to select the 95 following attributes to describe the meal options: calories, cooking time, food type and cost. Taste   96 was not included as a direct variable in the choice tasks as it would be subject to interpretation by 97 the respondent. Instead, "food type" was used as a proxy for taste. Three levels were used for each 98 attribute, where the specific combinations presented in a given choice scenario were obtained from we used orthogonal blocking, and randomly assigned people to blocks. Table 2 shows the three levels used for the different attributes, where "Cost" represented the 107 total cost for all of the ingredients needed to produce a typical evening meal, which would feed 108 both the respondent and his or her partner. To allow respondents to better relate to the attribute that showed what type of meal could be expected for given attribute combinations. We chose cost 111 levels of £5, £10 and £15 pounds after conducting a pilot study; the large cost differences were 112 found to be needed as respondents were reacting very strongly to the different levels of the other 113 attributes, causing the cost attribute to become insignificant when smaller price differences were 114 used.
106
115
In each choice task, respondents were asked to choose their most preferred option for a typical 116 evening meal that they would share together with their partner at home, and which would be In addition to completing the choice tasks, respondents were also asked to state their most preferred eliciting the respondent's least preferred options, for females and males respectively.
128
The results from this exercise are in line with expectations and the prior literature. We can see 129 that for calories, 49% of the interviewed women prefer the medium calories range, with a total of 130 80% preferring fewer than 600 calories in their meal. Whilst this preference pattern is also shown 131 by male respondents, the level of uncertainty ("Don't know") is increased, especially for the least 132 2 We acknowledge this potential limitation within the data (Olsen and Swait, 1997), but this approach was taken as the sample size was quite small and we did not want to reduce the data further by encouraging "Don't know" responses. However, although respondents were not told upfront that they could state "Don't know", if they did so, it was recorded. Further, if the respondent stated "Don't know" at any point in the questionnaire and it was recorded down then they would know that it was safe to say "Don't know", meaning that only the first instance of "Don't know" could be subject to any bias. The inclusion of these statements was driven in part by the success achieved in Bell and Marshall simultaneous estimation of all model components.
167
Two different specifications are used. In the first model, the deterministic component of utility 3 168 for respondent n and alternative i in choice task t (out of 8) is written as:
where, as an example, LowCal int is set to 1 if alternative i has the low calories level (and is set to as the base (i.e. sensitivity fixed to zero).
177
The specification thus far has assumed that the sensitivities to the different attribute levels (i.e.
178
the preferences) are constant across individuals in our sample. To address this shortcoming, we 179 make use of a revised specification that allows for differences in sensitivities for the three non-cost 
Integrated Choice and Latent Variable (ICLV) model specification
186
The base model with deterministic heterogeneity allows for variations in sensitivities as a func-187 tion of age and gender. However, it is easily conceivable that additional differences exist which variables in our choice models would thus put us at risk of endogeneity bias.
197
To allow us to use the additional data while not exposing ourselves to the risk of measurement 
211
Our work makes use of seven latent variables:
212
• two latent variables linked to the underlying sensitivities to the low and high levels for calories,
213
α LowCal and α HighCal ;
214
• two latent variables linked to the underlying sensitivities to the low and high levels for cooking 
220
We use a linear in attributes specification for the deterministic part, and write:
where γ α k z n represents the deterministic part of α k,n , with, z n being a vector of socio-demographic 222 variables, γ α k being a vector of estimated parameters and η k,n being a random disturbance, which 223 follows a standard Normal distribution across respondents.
224
Hereafter, α n represents the vector of latent attitudes for respondent n. These latent variables 225 are now used as explanatory variables in the utility function, which is rewritten as:
where τ is a vector of parameters that explain the impact of the vector of latent variables α n on 227 the utility of alternative i, possibly in interaction with the attributes x int and the parameters β.
228
At the same time, we use the latent variables to explain the responses to the ranking questions 229 and the attitudinal questions. In particular, the first two latent variables, • the utility for medium calories is set to zero.
246
For the response to the worst attribute level, the sign of the utilities was reversed 5 . Respondents 247 5 Clearly, the actual latent variable used in the two specifications needs to be the same here, so the only assumption relates to using the same µR terms in the best and worst (with sign change) specifications. We found no significant asymmetry in these terms, hence our decision. The same does not apply for the "Don't know" term where separate constants were used.
were also allowed to opt out of each ranking question, by giving a "Don't know" response to either 248 their best or worst preferred level. The utilities for such responses are given by constants, where 249 separate constants are used for the best and worst rankings, given the differential rates of "Don't 250 know".
251
The actual probabilities for the observed responses to the best and worst ranking questions are 252 now given by: 
where: L (R n | α * ,n ) = P cal-best,n P cal-worst,n P time-best,n P time-worst,n P type-best,n P type-worst,n ,
which gives the probability of observing the specific responses given by respondent n to the ranking 267 questions as a product of logit probabilities which is conditional on the first six latent variables,
268
where α * ,n = α LowCal,n , α HighCal,n , α LowT ime,n , α HighT ime,n , α Italian,n , α Asian,n .
269
The specification used for the cooking indicators is somewhat different. In line with Daly et al.
270
(2012a), we treat the responses to these three attitudinal questions using an ordered logit model 271 specification (see also Bierlaire, 2008) . The probability of observing a given value s for the k th 272 indicator (with k = 1, 2, 3) for respondent n, with s = 1, . . . , 5, where s = 1 indicates a strong 273 agreement with the statement and s = 5 indicates a strong disagreement, is now given by:
where the estimated effect of the latent variable α Cooking,n on this indicator is given by ζ I k , and the 275 probability of the actual observed response is then given by: questions. These are driven by structural equations for utilities and latent variables, respectively.
282
The likelihood for the observed sequence of choices for respondent n is given by L (y n | β, δ, τ, α n ),
283
which is a product of logit probabilities, and a function of the parameters of the base choice model
284
(grouped together into β), the τ parameters and the vector of seven latent variables α. The likeli-
285
hood for the measurement model for the ranking question is given by L (R n | µ R , δ, α * ,n ) which is 286 a function of the first six latent variables as well as a set of constants and the mean ranking pa-287 rameters. Finally, the likelihood for the measurement model for the attitudinal questions is given by L (I n | ζ I , ψ, α Cooking,n ), which is a function of the ζ terms, the threshold parameters ψ, and the 289 seventh latent variable.
290
In combination, the log-likelihood function is thus given by:
Equation 11 is dependent on the latent variables, which is shown by the integration over η, the .
298
The entire structure of the model is represented graphically in Figure 4 . At the top of the graph,
299
we have the indicators, I k ; "Calorie Ranking", "Time Ranking", "Food Type Ranking" and "Cook- 
Base model results
316
The results for the two base models are summarised in 
Integrated Choice and Latent Variable (ICLV) model results
343
The specification for our latent variable model made use of the base specification from the MNL 344 model without socio-demographic interactions, given that these are now dealt with in the latent 345 variable specification.
346
In the choice model, the first six latent variables were interacted with the associated parameter, we have that the utilities for the first three alternatives are now given as: who have a more positive attitude towards cooking also prefer cooking lower calorie meals.
375
As a next step, we look at the structural equations for the seven latent variables, as outlined for low time, as well as non-local food.
387
As discussed in Section 2.3, the measurement component explains the observed attribute rank-388 ings (c.f. Equations 6 and 7) in addition to the answers for the cooking attitudinal questions (c.f.
389
Equation 9). The results for the measurement model for attribute rankings are summarised in Ta-390 ble 6, whereas the results for the three attitudinal questions are shown in Table 7 . We will discuss 391 each of these in turn below.
392
Concerning Table 6 , the negative signs for the six mean ranking parameters are a reflection of 393 the fact that, across attributes, the middle level tended to be ranked highest by respondents. The 394 signs for the "Don't know" constants reflect the low rates for choosing "Don't know" in response
395
to the best level question, and the high rate for choosing it in response to the worst level question.
396
This is an indication that respondents find it harder to evaluate their least preferred option and as 397 a result, are more inclined to state "Don't know".
398
We finally turn to the results for the measurement model for the three attitudinal questions, 399 which are shown in Table 7 . We can see that the thresholds are all increasing in magnitude, as 
WTP / Marginal Rates of Substitution
409
As a final step, we turn our attention to implied willingness to pay (WTP) patterns and other 410 marginal rates of substitution.
411
We first look at the WTP patterns from our base MNL model without socio-demographic 412 interactions, shown in Table 8 (a). The context of the survey was a study of home-cooked meal options, namely respondents' preferences for a typical evening meal that they would share with The remaining WTP measures relate to parameters that were not statistically significant. In this paper, we have highlighted the potential benefit of using advanced choice models for studying 460 consumers' food choices. In particular, we have considered the impact that attitudes and underlying 461 preferences can have on the decision making process through the use of a latent variable approach.
423
462
We started with a simple MNL model which revealed that most of the estimates were in line with 463 expectation, and those that were not were found not to be significant. We also estimated a MNL 464 model with variation in sensitivities by age and gender, producing interesting findings, not least in 465 part due to the significant preference differences found between the age groups used.
466
As a next step, we illustrated how further differences can be accommodated in a latent variable 467 based hybrid model structure which allows us to make use of additional subjective data on attribute 
